Full-polarimetric synthetic aperture radar (SAR) images have the ability to provide physical patterns of the earth observation, no more than geometric information. In order to learn physical patterns from non-full-polarimetric SAR images, a complex-valued CNN is leveraged to learn a model containing physical parameters. The parameters are learned from the original complex scattering matrix of full-polarimetric SAR images and they can be adopted to extract physical patterns from non-full-polarimetric SAR images. Cloude and Pottier's H-α division, as the annotation principle, is computed by way of coherence matrix. We perform experiments on (German Aerospace Center) DLR's full-polarimetric, airborne F-SAR data, demonstrating that extracting physical patterns from non-full-polarimetric images is feasible. The comparative results illustrate that: 1) The best physical categoric patterns can be extracted from HV and VH polarimetric images in general, while performance from HH and VV polarimetric images are limited; 2) Cross-polarimetric SAR images have greater ability for surface and volume scattering, while co-polarimetric ones are better for multiple scattering extraction.
INTRODUCTION
Polarimetric synthetic aperture radar (PolSAR) images, with multi-polarized transmitting and receiving ways, are susceptible to different structures, orientations, and dielectric properties of the earth surface [1, 2] . Full-polarimetric SAR is an advanced imaging technique to capture both the geometrical and physical information. Among them, physical scattering information could provide an important clue for many appli-Thanks to the China Scholarship Council (CSC) for funding. cations in urban planning, agriculture assessment, and environment monitoring [3, 4] .
For L-band images, ocean surface and flat ground generally have the characteristics of surface scattering (odd bounce); city blocks, buildings, and hard targets have the characteristics of multiple scattering (even bounce); and forest and heavy vegetation have the characteristics of volume scattering (diffuse scattering). The advantage of physical scattering pattern extraction is not only more information included, but also a better understanding of the radar wave/scattering medium interaction. The knowledge of physical scattering is valuable in the interpretation of radar polarimetric images. Moreover, it provides information aiding surface characterization of different types of earth surface. Cloude and Pottier proposed the H-A-α target decomposition theorem [5] for physical scattering interpretation. The entropy H is a measure of randomness of scattering mechanisms, the polarimetric anisotropy A measures the relative importance of the second and the third eigenvalues of the eigenvalue decomposition, and the α angle characterizes the scattering mechanism. The signature scattering type could be divided into eight zones, according to the division of the H-α plane (shown in Fig. 1 ). The location of the boundaries is set based on the general properties of the scattering mechanisms. The physical scattering characteristic associated with each zone provides information for different scattering patterns and terrain types.
Single-polarimetric and dual-polarimetric SAR images, however, have limited ability to give an ideal explanation on the earth observation's physical scattering patterns. In order to extract physical scattering patterns from these non-fullpolarimetric images, in this paper, we attempt to learn a deep learning model interpreting physical information from fullpolarimetric SAR images firstly. The H-α division principle, which could provide physical categoric annotations, lead this work to an unsupervised way. The deep learning model is trained by taking the complex-valued scattering matrix from full-polarimetric mode as input. Therefore, a complex deep learning model containing physical information can thus be obtained. With the physical interpretable deep model avail- able, one can extract physical patterns of surface scattering, volume scattering, and multiple scattering from flexible polarimetric data, either single-polarimetric or dual-polarimetric SAR images.
DATA PREPARATION AND ANNOTATION
The experimental data is collected from (German Aerospace Center) DLR's high resolution (HR) L-band airborne F-SAR product, which covers the area of Kaufbeuren on January 21, 2016. STEP-trunk is adopted as the processor. The image is a full-polarimetric product, including HH, HV, VH, and VV four polarizations, with size 5076×1500 in pixel. The image resolution in azimuth direction and the slant range direction is 0.6m and 1.92m, respectively. The pixel spacing is 0.36m×1.20m (az×rg). It is noteworthy that the pixel spacing in slant range direction is nearly 3 times as in the azimuth direction. In order to provide a good visual quality, 3-look operation has been carried out along the azimuth direction. Therefore, the pixel spacing of the multi-looked image is 1.08 × 1.20 and the image size reduces to 1692×1500. Basic information of the experimental data is listed in Tabel 1. The scattering matrix of PolSAR images embeds information of the physical interactions between the emitted waves and the earth surface. Several coherent and incoherent target decomposition methods are proposed to leverage this information. Among which, Cloude and Pottier's H-α division plane provides the information of the physical scattering mechanism categorization. It has been adopted here to label the physical scattering patterns. The method leverages the the multi-looked coherence matrix T as an intermediate parameter. For homogeneous, stationary areas, the three real-valued elements on the main diagonal of T show the objects characterized by surface scattering, volume scattering, and multiple scattering. However, for HR SAR images, heterogeneous, non-stationary scenes, the physical properties of the recorded ground objects can no longer be extracted directly from the coherence matrix, thus incoherent decompositions of this matrix have to be computed. H-A-α decomposition provides a good solution for this problem. The other reason is that H-Aα decomposition could be divided easily into eight different scattering categories according to the theorem in [5] . Figure 2 (a) exhibits the color-coded H-A-α decomposition result of the multi-looked image. The corresponding H-α distribution of the experimental data set is shown in Fig. 2(b) . 
METHODOLOGY
In this section, a deep learning model containing physical parameters will be learned in an end-to-end mode. The deep learning framework is actually a complex-valued convolutional neural network (CNN), which takes the original complex scattering matrix S of full-polarmetric SAR data as input and outputs the scattering patterns defined by the H-A-α division. The trained deep learning model can be regarded as a physical pattern categorization function. With this model available, one can extract physical scattering patterns from SAR images with flexible polarizations. That is to say, the physical scattering patterns could be learned directly from single-polarimetric SAR images and dual-polarimetric SAR images.
The complex-valued CNN could learn from complex data set directly. Complex-valued parameters in the model are optimized with the objective to minimize a loss function. The complex-valued CNN has been firstly used for SAR image classification from complex coherence matrix T in [6] . In this paper, we would like to learn a deep learning model containing physical scattering information from the original complex scattering matrix S . The matrix S for training is the scattering coefficient from full-polarimetric SAR images.
The network structure of the complex-valued CNN is shown in Fig. 3 . This network contains two convolutional layers with a series of 3 × 3 filter sizes. Among which, the first convolutional layer is followed by a 2 × 2 pooling layer. The sigmoid function is selected to activate features from former layers, which implements the non-linear transformation in CNN. The softmax layer is used to map the intermediate features into categoric information. The output of the softmax layer is compared with the one-hot annotation, where the ground-truth label is set up as 1 + j. The objective loss is computed by using the mean squared error (MSE) [7] , given by
where, M denotes the number of training samples, i and c are indexes of the training instance and the scattering type, respectively, and (·) and (·) denote the real part and the imagery part, respectively. According to the discussion in [6] , data preprocessing is necessary to improve the model training. The input data S of the multi-looked image is firstly normalized by using the average value µ(S) and the standard deviation σ(S), which can be mathematically expressed as
where, the average value µ(S) for both real and complex matrix can be given by
where, n is the number of pixels. The standard deviation σ(S) in complex domain can be described as
EXPERIMENTS AND RESULTS
With the available deep learning model containing physical parameters inside, we attempt to extract the physical patterns from flexible polarized images. Thereafter, the performances are compared and concluded.
Extracting physical patterns from single-polarimetric SAR images
Physical scattering pattern extraction from single-polarimetric data are evaluated. Table 2 exhibits the logarithmic transformed scattering images and the extracted results from the original scattering matrix of HV, VH, HH, and VV polarizations, respectively. The observations demonstrate that:
• Extracting physical scattering patterns from singlepolarimetric image is feasible.
• The scattering matrix from HV and VH polarized SAR images could achieve a better performance.
• The performance on images of HH polarization is better than that of VV polarization.
Extracting physical patterns from dual-polarimetric SAR images
The physical scattering pattern extracted from cross-polarimetric images (HV+VH) and co-polarimetric images (HH+VV) are displayed in Fig. 4(a) and Fig. 4(b) , respectively. The results verify the fact that extracting physical patterns from dual-polarimetric images is also possible. Meanwhile, by comparing these two results, one can conclude that crosspolarimetric images have greater potential for extracting surface and volume scattering, while multiple scattering can be extracted better from co-polarimetric images. In addition, the combination of HH and VV polarization could greatly improve the multiple scattering pattern extraction, when comparing with the single-polarimetric experiments.
CONCLUSIONS
This paper try to explore the potential of learning physical scattering patterns from non-full-polarimetric SAR images. The idea is to leverage a complex-valued CNN to train the deep learning model containing physical parameters of PolSAR images. Thereafter, the potential physical patterns could be extracted from single-polarimetric images Fig. 4 . Extracted physical scattering patterns from dualpolarimetric SAR images.
ACKNOWLEDGEMENT

